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1. More Details of EmbodMocap
1.1. Capture technique
The primary capture technique involves two photographers,
each holding an iPhone in a vertical orientation. The pho-
tographers are required to maintain a certain angle relative
to each other while following the performer. To achieve
optimal triangulation during post-processing, the angle be-
tween the two cameras should ideally fall within the range
of 60 to 120 degrees.

This configuration not only enhances the accuracy of tri-
angulation but also ensures the capture of the performer
from multiple perspectives, providing diverse viewpoint in-
formation for keypoint detection. Additionally, the photog-
raphers should aim to keep the cameras in motion to dynam-
ically adjust their positions and minimize occlusion caused
by objects in the environment.

Figure 1. Capture technique.

1.2. Human Labor Analysis
Temporal Synchronization. This step only needs the oper-
ator to identify and input the frame indices where the laser
pointer’s spot disappears into a .xlsx file. Typically, this
process takes only about 1 minute per sequence.
Skill Segmentation. Skill segmentation is only required
when training physical interaction skills. The operator an-
notates each skill’s category, start, and end times based on
the video, typically taking 0.5 to 2 minutes per sequence.
Contact Label & Optimization. In the main text, we
mention that the alignment between our sequence and the
scene coordinate system relies on photometric (COLMAP,
pixel tracking) and geometric constraints (chamfer dis-
tance). However, this can sometimes result in alignment
errors of a few centimeters, primarily due to depth inac-
curacies in COLMAP’s sparse keypoints and depth errors

from the iPhone sensor. To address this issue, we propose
an optional post-processing solution. During data capture,
we place markers in the scene and instruct the performer
to begin walking from a designated marker and stop on an-
other at the end of the sequence, standing still on the same
marker. Annotating contact frame indices costs 1-2 minutes
for each sequence. These markers serve as fixed reference
points for alignment. In post-processing, we observe the
corresponding marker positions on the reconstructed mesh
and record their 3D coordinates, along with the frame in-
dices where the performer stands on the markers. Using this
information, we optimize a rigid transformation to align the
center of the performer’s feet at the specified frame indices
to the 3D coordinates of the markers.

Since SpectacularAI could generate Z-up metric-scaled
camera matrices, we define the rigid transformation in the
xy-plane, defined by a rotation angle ϕc about the z-axis and
a translation Tc. This can be represented by a homogeneous
transformation matrix M :

M =

[
R(ϕc) Tc

0 1

]
=


cos(ϕc) − sin(ϕc) 0 tx
sin(ϕc) cos(ϕc) 0 ty

0 0 1 tz
0 0 0 1


(1)

This matrix transform the center of lowest point on both
feet to match the annotate marker. To robustly solve for the
transformation parameters, we employ a gradient descent
optimization, constrained by a minimizing a contact loss to
match the contact marker:

Lcontact =
1

Nc

∑
i∈C

(
min
z

(V(i))− c(i)z

)2

(2)

For SMPL parameters, the global orientation is updated as
θ′g = Rcθ

g . For translation, the pelvis’s world position
is transformed as P ′

w = RcPw + Tc. Re-evaluating the
SMPL model with θ′g gives the local pelvis offset P ′

l , and
the updated translation is γ′ = P ′

w − P ′
l .

The updated camera rotation and translation are com-
puted as R′

v = RvRcT and T ′
v = Tv −RvRcTTc, ensur-

ing alignment and consistency of the scene representation.

2. More Details of Monocular Human-Scene
Reconstruction Pipeline

Our monocular reconstruction baseline is a modular
pipeline for reconstructing 3D human pose and scene ge-
ometry from monocular video, combining two independent



Figure 2. An example in finding the contact marker in software
(e.g., Meshlab) and corresponding keyframe index(the frames se-
lected here are just for demo).

modules: π3 for camera trajectory prediction and scene
point cloud reconstruction, and VIMO for SMPL-based hu-
man pose estimation. To process long video sequences, π3

divides frames into overlapping chunks, where each chunk
independently predicts camera poses Tv ∈ RT×4×4 and
local point clouds Plocal ∈ RT×H×W×3. To align these
chunks into a global coordinate system, Procrustes analy-
sis is applied to the overlapping regions of adjacent chunks.
Given two point clouds X,Y ∈ RN×3, the alignment min-
imizes the error:

min
s,R,t

∥Y − (sRX + t)∥2F , (3)

where s is the scale, R is the rotation matrix, and t is the
translation vector. Using SVD, the optimal alignment pa-
rameters are computed as:

R = V SU⊤, s =
trace(Y ⊤

c RXc)

trace(X⊤
c Xc)

, t = Ȳ − sRX̄,

(4)
where Xc,Yc are the centered point clouds, and V ,U

are derived from the SVD of the covariance matrix H =
X⊤

c Yc. After chunk alignment, VIMO predicts SMPL pa-
rameters (θ,γ,β), where θ ∈ RT×72 represents joint rota-
tions, γ ∈ RT×3 is the root translation, and β ∈ R10 de-
fines body shape. Using a weak perspective camera model,
SMPL vertices are projected onto the image plane as:

ximg = sxv + t (5)

where s is the scaling factor proportional to 1/z. To re-
solve scale ambiguity, the pipeline estimates a metric scale
by matching the predicted depths of SMPL vertices zSMPL
(in meters) with the depths of Pi3’s point cloud zPi3 (in ar-
bitrary units) on some sampled points. The scale factor is
computed as:

s = median
(

zπ3

zSMPL

)
, (6)

The point clouds and SMPL global orientation and trans-
lation are transformed to the world coordinate system with
R, t following the same formula as Sec. 1.2.

3. More Details of Human-Object Interaction
Skills

3.1. Follow Skill
Definition. The path following task requires the simulated
character to move along a predefined 2D trajectory. A tra-
jectory is represented as τ = {xτ

0.1, x
τ
0.2, . . . , x

τ
T−0.1, x

τ
T },

where xτ
0.1 denotes a 2D waypoint at simulation time 0.1s,

and T is the episode length. For this task, T is set to 10s.
The character is expected to follow the trajectory τ as accu-
rately as possible.
Task Observation. At each simulation time step t, the char-
acter observes 10 future waypoints sampled over the next
1.0s: {xτ

t , x
τ
t+0.1, . . . , x

τ
t+0.8, x

τ
t+0.9}. These waypoints

are sampled at intervals of 0.1s using linear interpolation
from the trajectory τ . The 2D coordinates of these way-
points form the task observation gft ∈ R2×10.
Task Reward. The reward for this task, rft , is computed
based on the distance between the character’s current 2D
root position, xroot 2d

t , and the target waypoint, xτ
t . The re-

ward is defined as:

rft = exp
(
− 2.0∥xroot 2d

t − xτ
t ∥2

)
. (7)

3.2. Sit Skill
Definition. The sitting task requires the character to posi-
tion its root joint at a target 3D sitting location on an object
surface. The target position is defined as 10 cm above the
center of the top surface of the chair seat.
Task Observation. The observation gst ∈ R38 includes
the 3D target sitting position ∈ R3, the 3D root position
∈ R3, the root rotation ∈ R6, the 2D front-facing direction
∈ R2, and the positions of eight corner points of the object’s
bounding box ∈ R3×8.
Task Reward. The sitting task reward rst encourages the
character to minimize the distance between its 3D root po-
sition, xroot

t , and the target sitting position, xtar
t . It is defined

as:

rst =

{
0.7 rnear

t + 0.3 rfar
t , ∥xobj 2d

t − xroot 2d
t ∥ > 0.5,

0.7 rnear
t + 0.3, otherwise,

(8)
where rfar

t and rnear
t are defined as:

rfar
t = exp

(
− 2.0∥1.5− d∗t · ẋroot 2d

t ∥2
)
, (9)

rnear
t = exp

(
− 10.0∥xtar

t − xroot
t ∥2

)
. (10)

Here, xobj 2d
t is the 2D position of the object’s root, ẋroot 2d

t

is the 2D linear velocity of the character’s root, and d∗t is a
horizontal unit vector pointing from xroot 2d

t to xobj 2d
t .



3.3. Climb Skill
Definition. The climbing task requires the character to
place its root joint at a target 3D climbing position on a
given object. The target position is set 94 cm above the
center of the top surface of the object.
Task Observation. The observation gmt ∈ R27 includes
the 3D target root position ∈ R3 and the 3D coordinates of
eight corner points of the object’s bounding box ∈ R3×8.
Task Reward. The climbing task reward rmt minimizes the
3D distance between the character’s root, xroot

t , and the tar-
get location, xtar

t . The reward is defined as:

rmt =

{
0.5 rnear

t + 0.2 rfar
t , ∥xobj 2d

t − xroot 2d
t ∥ > 0.7,

0.5 rnear
t + 0.2 + 0.3 rfoot

t , otherwise,
(11)

where rnear
t , rfar

t , and rfoot
t are defined as:

rnear
t = exp

(
− 10.0∥xtar

t − xroot
t ∥2

)
, (12)

rfar
t = exp

(
− 2.0∥1.5− d∗t · ẋroot 2d

t ∥2
)
, (13)

rfoot
t = exp

(
− 50.0∥(xtar h

t − 0.94)− xfoot h
t ∥2

)
. (14)

Here, xtar h
t is the height of the target root position, (xtar h

t −
0.94) represents the height of the top surface of the target
object in world coordinates, and xfoot h

t is the mean height of
the character’s feet. The reward rfoot

t encourages the char-
acter to lift its feet and is crucial for successful climbing.

3.4. Lie Skill
Definition. The lying task requires the character to position
its root joint at a target 3D lying position on an object, typ-
ically centered on the object’s surface. The character must
first approach a designated standing point before transition-
ing into the lying position.
Task Observation. The observation glt ∈ R38 includes
the 3D target lying position ∈ R3, the 3D root position
∈ R3, the root rotation ∈ R6, the 2D front-facing direc-
tion ∈ R2, and the positions of eight corner points of the
object’s bounding box ∈ R3×8. It also includes the chosen
standing point ∈ R3.
Task Reward. The lying reward rlt combines rewards for
approaching the standing point and accurately lying down:

rlt =

{
0.6 rnear

t + 0.4 rfar
t , ∥xroot

t − xtar
t ∥ > 1.5,

rnear
t , otherwise.

(15)

The far reward encourages approaching the standing
point:

rfar
t = 0.5 rwalk

t + 0.2 rvel
t + 0.2 rfacing

t + 0.1 rstand
t , (16)

where rwalk
t rewards walking toward the standing point, rvel

t

aligns velocity, rfacing
t ensures proper facing direction, and

rstand
t rewards correct height.

The near reward focuses on lying accuracy:

rnear
t = 0.5 rpos

t + 0.3 rhead
t + 0.2 ralignment

t , (17)

where rpos
t minimizes the distance to the target, rhead

t aligns
head height, and ralignment

t rewards proper body alignment.

3.5. Prone Skill
Definition. The prone task requires the character to position
its root joint at a designated 3D prone position on an object,
typically centered on the object’s surface. Unlike the lying
task, the character must face downward while maintaining
alignment with the target surface.
Task Observation. The observation gpt ∈ R35 includes
the 3D target prone position ∈ R3, the 3D root position
∈ R3, the root rotation ∈ R6, the 2D front-facing direction
∈ R2, and the positions of eight corner points of the object’s
bounding box ∈ R3×8. These observations help guide the
approach and ensure the correct orientation for prone posi-
tioning.
Task Reward. The prone reward rpt encourages the charac-
ter to transition smoothly from moving to a prone position
while maintaining proper alignment and facing downward.
The reward is defined as:

rpt =

{
0.7 rnear

t + 0.3 rfar
t , ∥xroot

t − xtar
t ∥ > 1.5,

rnear
t , otherwise.

(18)

The far reward encourages approaching the target prone
position:

rfar
t = 0.5 rwalk

t + 0.2 rvel
t + 0.2 rfacing

t + 0.1 rheight
t , (19)

where rwalk
t rewards moving toward the prone position, rvel

t

aligns velocity with the direction of motion, rfacing
t ensures

proper facing direction, and rheight
t encourages maintaining

an appropriate height during approach.
The near reward focuses on prone accuracy:

rnear
t = 0.6 rpos

t + 0.2 ralignment
t + 0.2 rface down

t , (20)

where rpos
t minimizes the distance to the prone target,

ralignment
t ensures proper body alignment with the surface,

and rface down
t rewards the character for maintaining a face-

down orientation.

3.6. Support Skill
Definition. The support task encourages the character to
approach a target object and maintain stable interaction by
placing its hands on the top surface while keeping stable
foot placement and proper posture.
Task Observation. The task observation gmt ∈ R27 con-
sists of the 3D target position of the object’s top surface
center (xo

t , z
o
t ∈ R3) and the 3D coordinates of the eight

corner points of the object’s bounding box (bt ∈ R3×8).



Task Reward. The total reward rmt is defined as:

rmt =

{
0.4rft + 0.6rst , ∥xo

t − xr
t∥ > 1.5,

rst , otherwise,
(21)

rft = 0.5 exp
(
− 0.5∥xo

t − xr
t∥2

)
(22)

+ 0.5 exp
(
− 2.0∥1.5− d∗t · ẋr

t∥2
)
, (23)

rst = 0.3rht + 0.2rgt + 0.15rtt + 0.2rot + 0.15rzt , (24)

where rft encourages the character to approach the object,
and rst combines five components for stable interaction:

rht = 0.6 exp
(
− 20∥zht − zot ∥2

)
(25)

+ 0.4 exp
(
− 5∥xh2

t − xo
t∥2

)
, (26)

rgt = exp
(
− 50∥zft − zg∥2

)
, (27)

rtt = exp
(
− 10∥xfr

t − xfl
t ∥2

)
, (28)

rot = exp
(
− 2∥1.0− (−ub

t)∥2
)
, (29)

rzt = exp
(
− 10∥zrt − zot ∥2

)
. (30)

Here, xo
t and xr

t denote the 2D positions of the object
and the character’s root, while zot and zrt are their respective
heights. xh2

t and zht represent the 2D position and height
of the hands. Similarly, xfr

t , xfl
t , and zft refer to the 2D

positions and height of the feet, zg is the ground height, and
−ub

t is the vertical component of the body’s up direction.

(a) Camera Trajectory Length Dis-
tribution.

(b) Human Trajectory Length Dis-
tribution.

(c) Scene Mesh Area Distribution. (d) Sequence Length Distribution.

Figure 3. Statistical information of collected dataset.

Evaluation The evaluation of the Support task focuses on
the agent’s ability to position its hands on the top surface of
the target object and keep its feet close together. The key
metric is the combined XY-plane distance and Z-axis devi-
ation between the hands and the object’s top surface. The
task is deemed successful if the hands are within predefined
thresholds and the feet maintain adequate proximity for sta-
bility.

4. More Details of Scene-Aware Imitation Pol-
icy

4.1. Representations
Character Proprioception. The state s describes the pro-
prioception of the character’s body, with features consisting
of the relative positions of each link with respect to the root
(designated to be the pelvis), their rotations expressed in
quaternions, and their linear and angular velocities. All fea-
tures are computed in the character’s local coordinate frame,
with the root at the origin and the x-axis along the root link’s
facing direction.
Height Map. To perceive the surrounding scene geome-
try, we utilize a local egocentric height map. This map is
structured as an 11× 11 grid spanning a 2m× 2m area cen-
tered on the humanoid, resulting in a sampling interval of
0.2m. The grid is defined within the character’s local co-
ordinate frame; consequently, the sampling points dynam-
ically translate and rotate with the humanoid’s movement
and heading, consistently covering the immediate vicinity.
The height values at these grid points are queried from a
high-resolution underlying scene mesh (0.05m resolution)
using nearest-neighbor interpolation.
Target States. The target state q̂ encodes the desired fu-
ture motion of the character. It is constructed by sampling
a short trajectory segment from the dataset spanning three
consecutive future time steps: T, T +1, and T +2. For each
time step, the state comprises the positions, rotations, lin-
ear velocities, and angular velocities of all body links. All
features are transformed from the world frame into the sim-
ulated character’s local coordinate frame. This local frame
is defined with the character’s root located at the origin and
the x-axis aligned with the root link’s facing direction.
Action. Our simulated humanoid is constructed based on
the SMPL body model, comprising 23 controllable joints.
Each joint possesses 3 degrees of freedom (DoF), and we
employ a Proportional-Derivative (PD) controller for each
DoF. Consequently, the action a ∈ R69 generated by the
policy specifies the target orientations for these PD con-
trollers.

4.2. Reward
To encourage the character to closely reproduce the ref-
erence motion while maintaining motion naturalness, our
reward function rt is composed of two terms: a tracking
reward rtrack

t and a jitter penalty rsmooth
t . The tracking re-

ward incentivizes the policy to minimize the kinematic er-
ror between the simulated character and the reference mo-
tion. The jitter penalty is introduced to suppress abnormal
shaking generated when the character interacts with objects,
which may be induced by instabilities in the physics simu-
lation. The total reward is defined as:

rt = rtrack
t − rsmooth

t . (31)
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Figure 4. Rendered SMPL and depth images of the captured dataset in camera space.

The tracking reward rtrack
t is computed as the weighted sum

of exponential differences across all humanoid links:

rtrack
t = wjp exp

(
−100∥p̂t − pt∥2

)
+ wjr exp

(
−10∥q̂t ⊖ qt∥2

)
+ wjv exp

(
−0.1∥v̂t − vt∥2

)
+ wjω exp

(
−0.1∥ω̂t − ωt∥2

)
,

(32)

where the equation penalizes the differences in translation
p, rotation q, linear velocity v, and angular velocity ω for
all rigid body links of the humanoid between the simulation
and the reference. The jitter penalty penalizes the magni-
tude of the difference between consecutive actions, defined
as:

rsmooth
t = ∥at − at−1∥2, (33)

where at and at−1 denote the action at the current and pre-
vious time steps, respectively. By minimizing the rate of

change of the actions, the policy is incentivized to generate
continuous and stable control trajectories, thereby reducing
jittery behaviors.

5. More Details of Captured Dataset Used in
Main Paper

We collected data from 23 scenes, each with a high-
precision mesh, 104 sequences, and approximately 200,000
video frames. Each frame is accompanied by corresponding
depth maps, segmentation masks, camera trajectories, and
human parameters(bounding boxes, 2D keypoints, SMPL
parameters).

In Fig. 3a, we present the distribution of camera trajec-
tory lengths, which range from 4 meters to over 30 me-
ters. In Fig. 3b, the human trajectory length distribution
is shown, with performers moving between 5 meters and
over 30 meters. Figure 3c illustrates the scene mesh area



distribution. Indoor scenes are relatively smaller, ranging
from 20 to 90 square meters, while outdoor scenes can be as
large as 200 square meters. Finally, in Fig. 3d, we show the
sequence length distribution, where most sequences have
durations ranging from 30 to 60 seconds.

5.1. Qualitative Demonstrations
We show camera space results in Sec. 3.6 and world space
results in Sec. 5.1



(1) Living room1 (2) Living room2 (3) Living room3 (4) Bedroom1

(5) Garden1 (6) Stairs1 (7) Stairs2

(9) Garden2

(11) Garden3(10) Stairs3

(8) Wall1

(12) Wall2

Figure 5. 3D demo of the captured dataset.


	More Details of EmbodMocap
	Capture technique
	Human Labor Analysis

	More Details of Monocular Human-Scene Reconstruction Pipeline
	More Details of Human-Object Interaction Skills
	Follow Skill
	Sit Skill
	Climb Skill
	Lie Skill
	Prone Skill
	Support Skill

	More Details of Scene-Aware Imitation Policy
	Representations
	Reward

	More Details of Captured Dataset Used in Main Paper
	Qualitative Demonstrations


